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Difficult to control and quickly tune for specific beam properties using
traditional model-based approaches

 Dynamics of intense charged particle bunches (FELs and PWFAs) dominated
by:

« Complex collective effects:

« Wakefields

« Space charge

» Coherent synchrotron radiation

* Uncertain and time varying electron bunch distribution off cathode
« Components drift unpredictably with time, misalignments
« Limited diagnostics

Need for model-independent feedback algorithms for time-varying,
uncertain systems.

 Requirements:
 Tune many coupled parameters simultaneously.

« Can be applied in-hardware as real-time feedback.

«  Work with noisy data. fLogAlamos
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Online tuning and optimization approaches

Robust conjugate direction Extremum Seeking (ES) [2,3]
search (RCDS) [1] * Robust to noise

* Robust to noise * Model independent

* Model independent « Tune many parameters

«  Tune many parameters simultaneously

simultaneously « Automatically adapts to time-
variation of the system

[1] X. Huang, J. Corbett, J. Safranek, J. Wu, “An algorithm for online optimization of
accelerators”, Nucl. Instr. Methods, A 726 (2013) 77-83.

[2] A. Scheinker, “Extremum Seeking for Stabilization,” PhD Thesis, UCSD, 2012.

[3] A. Scheinker et al., Model-free stabilization by extremum seeking, Springer, 2016.

.
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The development of the RCDS algorithm

« The development was motivated by the need to optimize storage ring
nonlinear beam dynamics.

— Correction of nonlinear dynamics is difficult — lack of direct diagnostics,
deterministic method, and even target.

* Robust conjugate direction search (RCDS)* performs iterative search
over conjugate directions with a robust (against noise), efficient line (1D)
optimizer.

— The conjugate direction set may be updated with Powell’'s method.

— The 1D robust optimizer is designed to deal with noise.

X. Huang (SLAC), Online optimization, ML Workshop 2018 /])
« Los Alamos
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Search over conjugate directions

i

— Efficient search directions: conjugate directions

)

A search over conjugate direction does not
invalidate previous searches.

Directions u and v are conjugate if

: u' -H-v=0
with H being the Hessian matrix of function f(x),
__0f
by 6xi6xj'
Around the minimum
f(X + AX) = f(Xy) +%AXT -H - Ax.

Inefficient search directions
Powell’'s method can update the directions

it .talkes many tiny stepg to get to the using past search results to develop a
minimum when searching along x and y conjugate set
directions. '

*W.H. Press, et al, Numerical Recipes

*M.J.D. Powell, Computer Journal 7 (2) 1965 155
X. Huang (SLAC), Online optimization, ML Workshop 2018



Anatomy of a line optimizer that is sensitive to noise

Line optimizer — Brent's method

Step 1: Initially bracketing the minimum.
Step 2: Successive interpolation to converge to the minimum.

_______ parabola through (1) 2) 3)
............... parabola through @ @ @

Inverse quadratic interpolation (figure from Numeric Recipes*.)

With noise, the comparison of values in both steps can go wrong and the
algorithm won’t converge.

*W.H. Press, et al, Numerical Recipes

X. Huang (SLAC), Online optimization, ML Workshop 2018 /F)
« Los Alamos
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The robust 1D optimizer

The robust optimizer is aware of noise in bracketing and uses noise level to
filter out outliers. Noise level is detected before optimization.

'0 .5 [ C T T
a
O bracketing
v fill-in
0.6 —— fitted I
O new minimum

objective

Initial solution -

X. Huang et al, Nucl. Instr.
Methods, A 726 (2013) 77-83.

r

0.9: : : -
506 0.04 0.02 0 0.02
0

Bracketing: step size is increased in the search. Bracket ends are higher than

minimum by 3 noise sigma.
Fitting: fill in additional points when necessary to better sample within the bracket

and then fit a parabola.

X. Huang (SLAC), Online optimization, ML Workshop 2018 /F)
« Los Alamos
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Initial test of RCDS

* Coupling correction (minimization of vertical emittance a storage ring) was
used to test the algorithm in both simulation and experiment.

— Knobs are 13 skew quadrupoles

— Objective is beam loss over a period of 6 seconds

. . . 0 2-27-2013
——RCDS 1 L L
—— simplex
—— Powell 05
o ——IMAT E
g ——MOGA =
%D — E % 1
E T |
10 H|St0ry Of beSt COUp|Ing ratIO . '2() 5b 160 lé() 26() 250
0 500 1000 1500 2000 count
count
Simulation Experiment
X. Huang (SLAC), Online optimization, ML Workshop 2018 /F)
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Applications of RCDS algorithm

 The RCDS algorithm has been demonstrated on many
accelerators.

SPEARS3: coupling correction, kicker bump matching, dynamic aperture, transport
line steering and optics, etc

X. Huang, et al, NIMA 726 (2013) 77; X. Huang et al, PRSTAB 18, 084001 (2015)
LCLS: taper optimization
J. Wu, et al, FEL 2017
ESREF: storage ring coupling correction, beam lifetime, injection efficiency
S. M. Liuzzo, et al, IPAC’2016, THPMRO015
IHEP: BEPC-Il luminosity optimization, CSNS/RCS collimation system
H.-F. Ji, et al, Chinese Physics C 39, 12, 127006 (2015); H.-F. Ji, et al, HB2016
DIAMOND: nonlinear beam dynamics optimization
|. Martin, et al, IPAC’2016, THPMR001
NSLS-II: Injection kicker bump matching
G.M. Wang, et al, IPAC’2017, THPVA095
SPS: Injection optimization, coupling optimization
T. Pulampong, et al, IPAC’2017, THPAB151

There are many unpublished applications.
X. Huang (SLAC), Online optimization, ML Workshop 2018 /F)
« Los Alamos
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GA vs PSO for online optimization

» Genetic algorithms may not be efficient for online application and suffer

bias from nOise 0.02 ‘ 6s l?ss rate eYaluatlon Flme
o- 8 Noise in the populatlon
ooz || as it evolves.

« Particle swarm optimization
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S 250, ]
£ olk. Tlan, J. Safranek, Y. Yan, PRSTAB | Experiment by X. Huang, K. Tian (2014)
2 17, 020703 (2014) 300 : : : : :
s , , r , _ 0 500 1000 1500 2000 2500 3000
2 4 . 6 8 10 cnt
Time (hr) Same setup as the genetic algorithm

Using beam loss monitor signal (low noise) as
objective. It took 20,000 evaluations.

.. while RCDS only took 200 evaluations (see slide 7) for a much noisier setup.

experiment. It took 3,000 evaluations.

X. Huang (SLAC), Online optimization, ML Workshop 2018 /])
‘ « Los Alamos
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RCDS Summary

» Online optimization has advantages in several aspects: low diagnostics
demand, no need of model, fast, etc

At SPEARS3 we have developed the RCDS algorithm and explored other
algorithms (GA, PSO, ES).

 The RCDS algorithm has been successful in nonlinear beam dynamics
optimization and many applications at other labs.

« Continuing development in online optimization could greatly benefits the
community.

X. Huang (SLAC), Online optimization, ML Workshop 2018 /F)
« Los Alamos
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Extremum Seeking for Optimization and Adaptive Tuning

Algorithm overview and simulation studies
« Automatic magnet tuning at LANSCE

« Beam energy control
« lterative feed forward for beam loading at LANSCE

 Transverse beam dynamics (x,x’,y,y’)
« Automatic magnet tuning at SPEAR3

« Diagnostics
* Non-invasive longitudinal phase space predictions at FACET

 Longitudinal phase space (Az,AE)
« Automatic longitudinal phase space tuning at

™

« Los Alamos
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Motivating Example: Open-loop unstable system with

unknown control direction

Consider the scalar system with unknown control direction b(t):
T =azr+ b(t)u

Consider the following bounded extremum seeking (ES) controller:

U = v/ Qw COS (wt + ka)

For large w, the system dynamics are approximately given by:

T = aZ — kab*(1)T

= (a — kab*(t)) z

This system is stabilized by choosing sufficiently large ka > 0.

t)y—z(t) <o
tg[l%\w() z(t)| <

™
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Motivating Example: Open-loop unstable system with

unknown control direction

i =x+b(t)u, u=+awcos (wt + k&?), &(t) = z(t) + n(t)
& = x + b(t)y/aw cos (wt + ki)

T =7 — kab*(t)z

b(t)=sin(w,t), w,=21*x10, a=2, k=10, w=21%50

O ‘lhulil l' pd 1\ ALl

00 02 04 06 08 10 12 14
Time

™

« Los Alamos

NATIONAL LABORATORY

14 Alexander Scheinker (ascheink@lanl.gov) Model-independent Feedback Control & Optimization



Model Independent Feedback A. Scheinker, “Extremum Seeking for Stabilization,” PhD Thesis, UCSD, 2012. A.

Scheinker and D. Scheinker, “Extremum Seeking with Discontinuous Dithers,” Automatica, vol. 69, pp. 250-257, 2016.

X1 fl(mla-"7xn7p17°°'7pm7t)-
_jjn_ _fn(xlaﬂ'7xn7p17°'°7pm7t)_

p1(t) = Q1 current
x1(t) = Xims(position 1)

x2(t) = Yims(position 1)

Injector Pm (t) = (,, current
81 Bl Q-Quadrupole Magnet
2 o oy
Q, Bl Bend Magnet Ln (t) = Xims (POSIthIl Il)
-+ Q, [] Buncher
& Qs [ 1 Other Components (diagnostics/scrapers/jaws...)
& % - Beam
Q,
A Pre Buncher Drift Tube Linac
Main Buncher >

4 * ‘
Q19Q20 Q21Q22
) A

« Los Alamos

15 Alexander Scheinker (ascheink@lanl.gov) Model-independent Feedback Control & Optimization NATIONAL LABORATORY



Model Independent Feedback A. Scheinker, “Extremum Seeking for Stabilization,” PhD Thesis, UCSD, 2012. A.

Scheinker and D. Scheinker, “Extremum Seeking with Discontinuous Dithers,” Automatica, vol. 69, pp. 250-257, 2016.

L1 fl(mla-"7xn7p17°"7pmat)
=x =f(x,p,t) = y =V(x,t) +n(t)
_jjn_ _fn(xlaﬂ'7xn7p17'°'7pm7t)_

pi(t) =Q1 ¢

x1(t) = Xims(position 1)
x2(t) = Yims(position 1)

Injector ent

Zpn(t) = Xims(position n)

Bl Bend Magnet
[ ] Buncher

[ ] Other Components (diagnostics/scrapers/jaws...)

- Beam

Pre Buncher Drift Tube Linac

Main Buncher
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Model Independent Feedback A. Scheinker, “Extremum Seeking for Stabilization,” PhD Thesis, UCSD, 2012. A.

Scheinker and D. Scheinker, “Extremum Seeking with Discontinuous Dithers,” Automatica, vol. 69, pp. 250-257, 2016.

o ] . y=V(xt)+n(t)

X1 fl(mla-"7xn7p17°"7pmat) :(I(t)—[0)2+n<t)
| =x=Exp ) = ' Surviving beam ~ Noise

| Tn | fn(T1, s Ty DL, P ) | current at end.

pi(t) =Q1 ¢
x1(t) = Xims(position 1)

x2(t) = Yims(position 1)

Injector

Q-Quadrupole Magnet o
Bl Bend Magnet Ln (t) = Xrms (POSIthIl Il)
] Buncher

[ ] Other Components (diagnostics/scrapers/jaws...)
= Beam

Pre Buncher Drift Tube Linac

Main Buncher

e
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Model Independent Feedback A. Scheinker, “Extremum Seeking for Stabilization,” PhD Thesis, UCSD, 2012. A.

Scheinker and D. Scheinker, “Extremum Seeking with Discontinuous Dithers,” Automatica, vol. 69, pp. 250-257, 2016.

(1 | [ f1(x1, . Ty P1y - Py T) |
| =x=1(x,p,t) = : y=V(x,t) 4+ n(t)
| Ty  fo(Z1, o Ty D1y Py t) |
A
dpl 1 Jawr cos(wit + ky)
djj—ﬁ s(wat + ky)
%: a3 cos(wst + ky)
dpm

el VW, cos(wnt + ky)

Dithering with different frequencies makes the parameters “perpendicular” in Hilbert space.

w; =wr;, 1 #r; = forany ¢t >0
t
lim (cos(wjt), cos(w;t)) = lim cos(w;T) cos(w;T)dT =0

« Los Alamos
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Model Independent Feedback A. Scheinker, “Extremum Seeking for Stabilization,” PhD Thesis, UCSD, 2012. A.

Scheinker and D. Scheinker, “Extremum Seeking with Discontinuous Dithers,” Automatica, vol. 69, pp. 250-257, 2016.

-Zi71- -fl(mla-"7xn7p17°°'7pm7t)
_jjn_ _fn(xlaﬂ'7xn7p17°'°7pm7t)_
¥ 3

d
P1 = aw; cos(wit + ky)
2C

1’
(1)2 = /aws cos(wat + ky)

dp3 = /aws cos(wst + ky) ﬁ ¢

dpm
L = Jawp, cos(w,t + ky)

dp  ka T
— :> LI VeV (1)

On average, the system
performs a gradient descent
v of the unknown, time-
varying function V(x,t)

Allows simultaneous tuning of ALL parameters in parallel.

w; =wr;, 1 #r; = forany ¢t >0
t
lim (cos(wjt), cos(w;t)) = lim cos(w;T) cos(w;T)dT =0

‘ « Los Alamos
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Model Independent Feedback A. Scheinker, “Extremum Seeking for Stabilization,” PhD Thesis, UCSD, 2012. A.

Scheinker and D. Scheinker, “Extremum Seeking with Discontinuous Dithers,” Automatica, vol. 69, pp. 250-257, 2016.
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LANSCE (simulation) Automated low energy beam transport region magnet tuning.

§30 Magnet Current Settings
% Cost is noisy measurement of the difference between
g 20 initial current into the machine and surviving current at
210 the end of the transport region.
[
% 0 = Minimization of y equivalent to properly tuning magnets
2 10 for all beam to be transported.
0]
2
£-20 Magnets were all turned off and then the algorithm
% 30 ‘ ‘ ‘ ‘ ‘ automatically set them up to maximize the amount of
= 0 500 1000 1500 2000 2500 surviving current at the end of the transport region.
m Step Number
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70 14 operators in this beam line.

80% of Initial Current

D

(e}
—
[\]

£

) =
2 8
% 50 Surviving Current 10 ©®
<40 8 =
2 @
S 30 6 0
g g
520 42
= B
—

% 10  Z
S Cost Function T

0 0
0 500 1000 1500 2000

Optimization Step Number

.

‘ « Los Alamos

21 Alexander Scheinker (ascheink@lanl.gov) Model-independent Feedback Control & Optimization NATIONAL LABORATORY




LANSCE (simulation) Automated low energy beam transport region magnet tuning.

After the magnetic lattice was matched to transport the beam, beam phase space was

continuously varied, and arbitrary phase drifts were introduced into the RF buncher cavities.
X, X_Phase Space, Original-Red, New-Blue
10—+ P Without adaptive feedback all beam is quickly lost (red line in figure below).

With adaptive tuning the 22 quad magnetic lattice and 2 RF buncher cavities are continuously re-
tuned to maintain maximal beam transmission and acceleration.

A
Y

Beam and Phase Delay Varying During This Time Interval

14— 8
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6 12 ”“‘v. Akl DGR L ARRE B R _ Al AL l.x 17
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g 10 | | 6
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™
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Beam loading

LANSCE 120Hz LCLS-II 1IMHz
650 ps
—— / :
8.3 ms > | < 8.3 ms
2.3 pC / bunch , 20-250 pC / bunch
LCLS 120Hz European XFEL 10Hz
w w
o~ /I // >t /L t
\ 83ms’ | 83ms | 100 mis
- > € > > < S
1 nC / bunch 1 nC / bunch

™
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LANSCE Beam Loading

H+ ~400pA average current: 21mA peak current, 625us pulses @ 30Hz

Vcav(t)
S (0
1,0
A Ek
[ \ {r‘_""“‘—\ {rf“""_\
2 120
_{_l ! 5__| . 5__|
- I ms ~8.3 ms 0.65 ms -
h 1 second -
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LANSCE: Iterative feed-forward beam loading compensation.

RF Cavity
Beam
201.25 MHz
RF Amplifiers
Vea® 201.25 MHz
201.25 MHz obT
MO
176.25 MHz
- ®- ' Lo
Mixer l 100 MSPs
BPF —| ADC}—~ FPGA 100 MSPs
Y —>DACH—BPF
BPF 25 MHz ADC I/Q Control
Band Pass Filter (BPF) A
Y
Ethernet
A
Y
EPICS

™
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Experimental results at LANSCE, with 12mA proton beam.

High speed FPGAs:
5ns — 10us resolution (1ns soon)
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SPEAR3: Beam-based Feedback, Betatron oscillation minimization in time-varying lattice.
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FACET: E-bunch profile prediction based on non-destructive measurements of energy
spread spectrum.

—0 =200 =100 O 100 200 300
Z[um]

Transverse Deflecting
RF Cavity

Vertical Chicane

Magnets OTR Foil

Dispersed Electron Bunch

Electron Bunch

™
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FACET: Tracking time-varying electron bunch profile based
on non-destructive measurements of energ

500 . (um)
650 00 sion (W
500 oon (W) cor PO
320 De&ec&or posiio® W 50 Dete

00_0/ 0 50 ﬁ
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NDR FACET accelerator
NRLT

A
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Energy spread spectrum matching leads to
longitudinal bunch density prediction, as confirmed
by comparison to detected TCAV measurements.
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LCLS automatic longitudinal phase space tuning.

Motivation: Fast switching/tuning between XFEL experiments, custom current profiles (FACET-II).

gun L1X

L2-linac B2
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ES in OCELOT for time-varying system

)bjective Function Monitor

-

T

Time (seconds)

™

‘ « Los Alamos

32 NATIONAL LABORATORY




Adaptive machine learning

Trained neural network

Initial machine
paramter settings

UL YRR

NN input  Hidden layers

(540 m)
L3-linac

(9 m) (320 m)
L2-linac

el Lomon H
DL1 BC1 BC2
135MeV 250 MeV 4.3 GeV

o
Undulator
3.5-14GeV

ORITN

Target X'NCAV image

( ES algorithm ) Continuously
Cost based on updated
compared images parameter
Detected XTCAYV image settings /F‘)
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